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Introduction
How does improved access to credit by poor households affects the labor market behavior of the individuals in the household and, in particular, search effort by the unemployed? We ask this question in the context of a model of collective household behavior. We consider multi-member households in which at least one member is unemployed and another member is an entrepreneur. The household invests all its net-worth in the entrepreneurial activity. Improved access to credit allows the household to invest in technology adoption, raising the return to the household's net-worth. We show that the impact on job search effort by the unemployed depends crucially on the intra-household distribution of bargaining and decision power. We find empirical support for the predictions of the model using a household survey conducted in Cape Verde.
Targeting benefits to a particular household member (for example to women instead of men) has been shown to have important effects on the ultimate use of the corresponding resources (Cherchye et al., 2012) . Blundell et al. (2005) label this the targeting view. The upshot is that to analyse the way in which individual behavior is affected by improved access to credit, we should model the household as a collective of individuals rather than as a single unit. Thus, we develop a model of job search and entrepreneurship that characterizes intra-household allocations within a bargaining framework, as a Pareto efficient outcome. This framework can address how the distribution of bargaining power affects both consumption and effort choices within the household. The latter is crucial to understand the labor market implications of improved access to credit by poor families.
In particular, we show that the impact of improved access to credit on search intensity by the unemployed is affected by two competing effects. Having access to finance may raise search intensity, as it increases the return to the household's networth and, by finding a job, the unemployed worker raises the household's networth. But at the same time, unemployed individuals in households with better access to finance enjoy a positive income effect that lowers the incentive to search. Which effect dominates depends on the bargaining power of the unemployed worker. We prove that when the bargaining power of the unemployed member is high the positive net-worth effect is relatively stronger and, hence, improved access to credit is more likely to raise search effort by the unemployed.
We test the predictions of our model using a tailored household survey conducted by the authors in Cape Verde (an island country in the west coast of Africa) in 2013, as part of a study commissioned by the United Nations Development Program (UNDP). The focus of the survey was the impact of microfinance loans on household outcomes and, in particular, labor market outcomes. We make use of unique detailed individual data on labor search behavior of unemployed 2 individuals which allows us to test empirically the theoretical predictions. We find robust support for the model's predictions. The effects of improved credit access on search intensity by the unemployed are found to be heterogeneous across households and dependent on the within-household bargaining power of the unemployed. The unemployed workers with high bargaining power increase their search intensity if they live in a household with access to microfinance. Instead, access to microfinance lowers search intensity among unemployed workers with low bargaining power. We use as exogenous proxies for individual bargaining power variables such as gender, schooling achievement, household size and the individual role in the household.
Since expenditure is often observed at the household level, tests of intra-household allocation models are often inferential, aimed at determining whether household expenditure shares on various goods differ based on who controls income. In an early contribution, Thomas (1990) shows that male and female non-labor incomes (used as proxies for within household decision power) have different impact on children health. Browning et al. (1994) look at how intrahousehold sharing is affected by factors such as relative ages and incomes by focusing on expenditure in items which are gender-specific like clothing. Looking at data from South Africa, Duflo (2000) finds that the consequences of household revenue windfalls on child nutrition strongly depend on the gender of the recipient. More recently, Ashraf (2009) , by looking at couples' financial decisions in the Philipines, suggests that above the gender dimension, it is control of financial decision that matters most. In a recent experiment offering cheaper and more accessible bank accounts in Kenya, Schaner (2013) further supports this idea, showing that responses to the program varied according to whether both men and women were above or below the median bargaining power and not according to gender solely.
Job search has been shown to be affected by wealth but also cash-on-hand and credit constraints. Lentz and Tranas (2005) show that job search is monotonically decreasing with wealth when the utility function is separable in consumption and search effort. Furthermore, search effort exhibits positive unemployment duration dependence as a direct implication of the negative relationship between search effort and wealth. Card et al. (2007) estimate the excess sensitivity of job search to cash-on-hand using sharp discontinuities in eligibility for severance pay and extended unemployment insurance in Austria. Their findings provide important implications for the efficiency of social insurance programs.
In our context, the microfinance institutions play an important role in relaxing credit constraints faced by poor households. Relaxing credit constraints may change the investment opportunities available to households but, at the same time, may affect labor market outcomes depending on the distribution of decision power within the household. For instance, in a recent paper Ngo and Wahhaj (2012) develop a model of household production, bargaining and credit and show that if there is scope to invest loans in profitable joint activities women are most likely to benefit from improved access to credit. Callen et al. (2014) look at the effects of improved access to financial services on the incentives to provide wage work. They conduct a natural experiment in Sri Lanka where improved access to saving products is randomly assigned. They find that households work more, and work more on the wage market when savings options improve. They propose an explanation for their findings based on the fact that an increase in the return to savings encourages more wage work. This effect is not dissimilar to the mechanism we propose in our paper.
In the context of testing the effects of microfinance using models of collective household choice, looking at the labor market behavior and, in particular, our focus on the search intensity of the unemployed, is attractive because leisure is a private good. Pitt and Khandker (1998) and also Morduch (1998) find that participation in microcredit programs has heterogenous effects on labor supply, depending on the borrower's gender.
Likewise, our analysis provides important insights on positive and normative issues concerning the design of microfinance programs and, in particular, the targeting of microcredit. The improved access to credit by the poor that is made possible by microfinance can affect labor market behavior in a positive way. But this complementarity is not unconditional and depends crucially on how the loans are targeted among heterogeneous households. Relaxing credit constraints to poor households may have complementarities with improved labor market outcomes but may also discourage the supply of wage labor. Which effect prevails, depends on the targeting of loans. This result resonates with findings by Ahlin et al. (2011) who find evidence of a rivalrous relationship between microfinance and other modes of development and, in particular, workforce participation.
The paper proceeds as follows. Section 2 presents a model of job search within a collective household choice framework and derives the main proposition to be tested. Section 3 describes the survey design and the data. Section 4 outlines our estimation strategy and identification assumptions. Section 5 presents the empirical results. Lastly, Section 6 concludes.
Credit and Labor Search: a theoretical framework
We examine the effects of improved access to credit on labor market outcomes, in particular search intensity by the unemployed. We propose a model of job search and household collective choice, in an environment with search frictions and financial constraints. There are two periods, date 0 and date 1. A household consists of a match between an entrepreneur and a wage laborer. The latter starts 4 date 0 unemployed. As in Card et al. (2007) , the labor market is characterized with frictions and the unemployed worker must choose search intensity.
There are two types of households. Those with access to credit who are able to borrow from a microfinance institution (MFI) and those without access to credit. The former are able to finance an indivisible investment of size K, that raises the return to the household's entrepreneurial activity. Instead, creditless households do not have enough net-worth to purchase the investment and, hence, enjoy a lower return on their entrepreneurial activity, set to zero without loss of generality.
Job Search with Collective Household Choice
We posit a collective model of household behavior by requiring the outcomes of household choice to be Pareto efficient.
1 This is implemented by assuming that the household's problem is represented by an objective function which is a weighted sum of the private utility function of each household member; the weights may be interpreted as the bargaining power of each individual in the household as done, for example, in Anderson and Baland (2002) , Blundell et al. (2005) and Cherchye et al. (2012) . Both household members enjoy utility from consumption, and the unemployed worker dislikes searching for a job.
Let t denote the household type, with t = 0 for households without access to credit, and t = 1 for households with access to credit (the treatment group). The household type is pre-determined, known at date 0. The timing is as follows: at the start of date 0, households choose the search effort of the unemployed worker, S (t), and the household's contingent consumption allocations. At the end of date 0, those unemployed workers who successfully search and become employed receive their wage W , and the households with access to credit borrow from the MFI and invest the loan and all their net-worth in the high return technology. The crucial feature of our model is the assumption that the unemployed individuals who succeed in finding a job can contribute with their wage to the investment, hence reducing the size of the loan. At date 1, households receive the returns from the entrepreneurial activity, repay their loan and enjoy consumption.
The contingent consumption allocation is defined as:
where C e (t) is the allocation in the event that the job search is successful while 1 See, for example, Chiappori (1992) for a seminal contribution.
C n (t) is the allocation in the event that the wage laborer stays unemployed; C is the consumption of the entrepreneur and C that of the wage laborer.
We normalize S (t) to equal the probability of finding a job by the unemployed worker and always assume an interior solution, S (t) ∈ (0, 1). Following the work by Card et al. (2007) , we adopt two key simplifying assumptions: first, we assume there is a single wage rate; and second we assume that utility is separable in consumption and search effort and is represented by the utility function:
J (S, C e , C n ; t) = αv (S (t)) + S u C e (t) + αu C e (t)
where we have normalized to one the weight placed on the entrepreneur's utility so that α > 0 represents the relative bargaining power of the unemployed worker. The function v ( • ), is a quadratic function capturing the disutility from search, and is decreasing and concave in the domain [0, 1] . The function u ( • ) is assumed to be increasing, concave and homothetic, and to satisfy the condition u ( • ) ≥ 0.
2
Let R ≥ 1 be the gross return to investment, r ∈ [0, 1] be the market interest rate and A the household's financial assets at the start of date 0. In the second period, when consumption takes place, the household total resources, Y (t), are given by:
The optimality condition solving problem (4) are:
u C n (t) = αu C n (t) .
Since u ( • ) is homothetic and concave, conditions (6) and (7) combined imply:
with f (α) < 0. It follows that the optimality condition (5) can be expressed as
It is easy to verify that if the function u ( • ) is increasing, concave and has positive third derivative, then these properties are inherited by the functionû i ( • ), for any fixed α > 0.
Finance and Search Intensity
We first show that the impact that having access to micro-loans has on search intensity by the unemployed is ambiguous, as there are two competing effects. Having access to finance may raise search intensity, as it raises the return to the household's net-worth. But at the same time, households with access to finance experience a positive income effect that lowers the incentive to search. The overall effect depends on the concavity of the utility function.
For a given bargaining power parameter α, it follows from condition (8) and the household budget constraint that
and
Define the function
such that the optimality condition for the choice of search intensity (9), can be expressed as −αv (S (t)) = ∆ (C e , C n ; t) .
To identify the two competing effects of finance on job search intensity, take the first-order Taylor expansion of ∆ (C e , C n ; t) around
and impose the budget constraint (10). This yields
with ∆ (α; t) that denotes the Taylor expansion of ∆ (C e , C n ; t) around (13).
3
Ignoring higher order terms, 4 the optimality condition for the choice of search intensity can be expressed as
Thus, the effect of treatment on search intensity is given by
which is ambiguously signed because of d ∆ (α; t) /d t . On the one hand,
which raises ∆ (α; 1) relative to ∆ (α; 0), representing the net-worth effect. But, on the other hand, because u ( • ) < 0 and Y n (1) > Y n (0), we have that
which lowers ∆ (α; 1) relative to ∆ (α; 0), representing the income effect; Since v ( • ) < 0, if the net-worth effect dominates we have that S (1) > S (0), while the opposite is true if the income effect dominates.
Whereas the impact of improved finance on search intensity is ambiguous, the model delivers a clear prediction for the relationship between the unemployed worker's bargaining power α, and the relative strengths of the net-worth and income effects.
To see this first notice that, because v (•) is a constant (v (•) is a quadratic function), we have from (12 ) that
We are interested in the sign of the derivative
The derivative is positive since f (α) < 0 and C n (0) < C n (1), which implies that
The reason why the effect of improved access to credit on search is more positive (or less negative) for individuals with higher bargaining power is because the strength of the income effect is weaker if consumption is high. In turn, if the bargaining power of the unemployed worker is high his/her consumption will be relatively high, since he/she receives a higher fraction of the household resources. Thus, the income effect is weaker and the net-worth effect dominates.
We, therefore, establish the following proposition:
Proposition 1. The effects of improved credit access on search intensity by the unemployed are heterogeneous across households and dependent on the withinhousehold bargaining power of the unemployed. In particular:
1. Being part of a household with access to a loan exerts two competing effects on the individual search intensity: the loan raises the return to job search, since finding a job raises the household's net-worth, which is more valuable when the household has access to credit; but, receiving a loan implies a positive income effect which discourages job search. The overall effect on search intensity of an unemployed individual is ambiguous.
2. All else equal, the search intensity of an unemployed individual who is in a household receiving a loan, relative to the search intensity of the same individual if her household did not receive the loan, is increasing in the bargaining power of the unemployed worker:
The proposition suggests two observations. First, that the effect of treatment on job search is ambiguous and hence, invites further empirical investigation. Second, the model provides a clear testable prediction: as the bargaining power of the unemployed member increases, the effect of improved access to finance on search intensity should become more positive (or less negative). In the sequel, we test this prediction using the survey data that we have collected in Cape Verde.
Survey Design and Data
We use data from a household survey undertaken by the authors in the Isle of Santiago, Cape Verde, in 2013, as part of a broader project evaluating the impact of microfinance in the country. We begin by describing the survey design and sampling methods.
Survey Design and Sample
The original sample contains 600 households and is obtained using a stratified random sampling technique. In particular, we are interested in labor market outcomes and, since job and business opportunities differ considerably between urban and rural settings, the principal dimension of stratification is whether households live in an urban or rural area.
Thanks to detailed interviews to the main microfinance institutions that operate in the country, we identify the areas where microfinance clients are more likely to reside. In the capital city, Cidade da Praia, we chose 10 neighborhoods based on their relevance for microfinance. 6 We exclude the wealthier neighborhoods and those where the employment rate is well above the national average as reported in the 2010 National Census.
Our primary sampling unit in Cidade da Praia (urban stratum) are 20 randomly selected census districts (CD) that overlap the selected neighborhoods.
7 Each CD contains 180 dwellings (and so approximately 180 households). Concerning the stratum of rural households, we choose three areas characterized by high population density and a large number of MFI clients, and randomly selected 10 CD in each of these areas.
8 Finally, from each CD, both urban and rural, we randomly select 20 households using maps provided by the national statistics 9 Moreover, the households refusing to be interviewed are very few and so are the households in which not a single member is present.
10 Given the CD design, this procedure guarantees that each household has approximately the same probability of being interviewed.
The survey elicits detailed information on demographic characteristics, income, consumption, assets and a complete recording of the financial services used by the household, related to both microfinance and other forms of financial services. In particular, we have information on all kinds of loan received by households (either from conventional commercial banks or from an MFI). Thus, we can distinguish four types of household in terms of access to credit: households without loans, households that borrowed from an MFI, households that borrowed from banks and households that borrowed from both banks and an MFI. In addition, we have detailed information on the labor market participation of each member and, in particular, on the job search effort by the unemployed and on the length of their unemployment spell.
Few restrictions are imposed on the original sample of surveyed households. First, since we are interested in the effects of improved access to credit on the search behavior of the unemployed, we drop households that have no members aged between 16 and 65 years old who are unemployed. Second, we exclude households that borrowed from both banks and an MFI.
11 We are left with a sample of 317 households. The 317 households correspond to 1,100 individuals. Among the 1,100 individuals, 620 are employed and 480 unemployed.
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We restrict the sample further in the second stage, when we evaluate the impact of improved credit access on the labor market behavior of the unemployed. First, we exclude households with commercial bank loans. Second, to comply with the common support assumption underlying Propensity Score Matching techniques we exclude households with extreme propensity scores (probability of receiving an MFI loan). Third, we exclude from the treated group the households who received their MFI loan earlier than 2010.
13 The sample in our main regression analysis includes 262 unemployed individuals, corresponding to 191 households. Individuals are defined as unemployed if they are between 16 and 65 and claim to be unemployed, either looking for a job or not actively engaged in search (rest unemployment). Table 1 describes the main characteristics of each household type, together with the results from a difference in means test between the households with no loan and those with access to finance, either through an MFI or through a bank.
Preliminary Data Description
The frequency of types is the same in urban and rural areas, indicating that there are no ex-post differences in credit access across the two strata. Looking at household size, we find that the households borrowing from either an MFI or a bank are on average of larger size than the households with no loan. Among MFI clients, the difference in size is reflected in the number of children below working age which is significantly larger. An important indicator to understand the targeting by the MFI is the fraction of households in which the head is a woman. The MFI are often portrayed as targeting the women and, hence, we may expect households headed by a woman to be more frequent among the MFI clients. We find that 59% of the MFI households are headed by a woman while this happens in 51% of the households without loans, but the difference is not statistically significant. However, looking at the households that borrowed from a conventional bank, we find that only 33% of them have a woman as head. Thus, for households headed by a woman, the MFI offer significantly more viable access to lending than the conventional banks. This finding confirms to some extent the widely spread notion of the MFI targeting women. In terms of schooling achievement, households are similar across types, with average schooling around 5 years.
Another variable of interest is self-employment. MFI in both urban and rural areas typically give out loans to finance some form of business, either formal or informal. One way to measure entrepreneurship is to look at the fraction of households with at least one member self-employed. We find that 57% of the households borrowing from an MFI have at least one member self-employed. This is substantially more than among households borrowing from banks (28%) and households not borrowing (30%). Turning to the number of unemployed per household, we find an average of 1.68, with no significant differences among microfinance and no-loan groups. The average number of unemployed individuals is significantly higher for households borrowing from banks, as is the number of income sources.
15 Households without loans have on average 1.69 sources of income, while the value is 1.80 for those with micro-loans. The standard errors are small, indicating very little dispersion. Thus, it is fair to say that the stylized representation of the household in Section 2, as a match between an entrepreneur and an unemployed worker, is not far from the typical household in our sample. On average, households have one or two members unemployed and one or two sources of income.
The incidence of poverty is pervasive in our sample, in particular among the households with no access to finance and with micro-loans, our core sample. This is confirmed by the poverty head-count, showing 28% of households with bank loans below the poverty line, with the share rising to 57% among MFI borrowers and 51% among households with no loans.
16 Table 2 reports individual characteristics of interest of the unemployed individuals aged between 16 and 65 that are members of households in the treatment and in the control group (hence, after the exclusion of households borrowing from banks). It is interesting to notice that unemployed individuals from households with no loans are very similar to unemployed individuals from MFI households, especially for job search measures.
17 Another interesting observation is that there is a significantly higher share of long-term unemployment (unemployment spells longuer than 4 years) among members of households borrowing from an MFI, but lower medium term unemployment.
Finally, some characteristics of the micro loans taken by the treated households are displayed in Table 3 . First, it can be seen that women represent a high proportion of clients, at 83%. The microfinance loan was taken for business related purposes in 82.5% of the cases (to start a business, expand it, buy goods for petty trade or buy work equipment), which is consistent with the intrinsic objective of microfinance to promote entrepreneurship. Looking at the loan size, we see that the distribution is right skewed, the average amount lent being higher than the median.
18 Finally, looking at loan performance, only 8% of clients defaulted and 6% had difficulties in repaying the loan.
In this Section we introduce the econometric model used to assess the effects of improved access to credit on job search. The main purpose of the analysis is to test Proposition 1 and, in particular, the prediction in Equation (20). We seek to estimate the impact of household borrowing from an MFI on the job search effort by the unemployed household members: the Average Treatment Effect for the Treated (ATT).
Formally, Y (1) is the outcome, job search effort, for an individual in a household borrowing from an MFI and Y (0) the outcome for an individual in a household without microfinance access. Let t be the indicator of treatment, with t = 1 if the household has received a microfinance loan and t = 0 if it has not. We wish to evaluate the difference between the outcome of individuals in treated households and the counterfactual outcome of the same group of individuals had they not received the loan, given a vector X of observable characteristics
The evaluation problem lies in the fact that, for each individual, only one of either Y (1) or Y (0) are observed. In particular, for individuals in households with t = 1, only Y (1) is observed. We need a counterfactual based on the observable outcome of the non-treated households, built in such a way to be as close as possible to the theoretical outcome for individuals in treated household in the absence of treatment. The obvious candidate is to use the outcome of individuals in the non-treated households, E [Y (0) | X, t = 0], as a counterfactual. However, an evaluation based on differences in means is subject to various sources of bias when treatment is not randomly assigned and is, instead, determined by multiple household characteristics such as schooling, entrepreneurial spirit and ability.
In their seminal paper, Rosenbaum and Rubin (1985) propose a method that corrects for potential selection and omitted variable bias in estimating ATT. They show that, under the assumption of conditional independence, adjusting for differences between treated and control units in the propensity score removes all biases associated with differences in the observed covariates in the treated and control groups. The propensity score is defined as the conditional probability of receiving an MFI loan:
where X are observed covariates, which are assumed to be pre-determined.
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20 The conditional independence assumption, or unconfoundedness property, requires that, conditional on the observed covariates, receiving treatment (having an MFI loan) is independent of the potential outcomes (the search intensity) with and without the treatment, Y 1 and Y 0 . This implies not only that participation in the program is based entirely on observed characteristics, but also that average differences in outcomes between treated and control units with the same observed characteristics are attributable to the treatment, so that t⊥Y (1) , Y (0) | X.
For each household j, the estimated propensity score p(X j ) is estimated based on a range of observable pre-program household characteristics, collected in the vector X j . The access to credit is modeled at the household level as we want to distinguish between the households who borrow from the MFI and those that do not. Thus, we include only household level covariates in the probability model.
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Hirano et al. (2003) extend Rosenbaum and Rubin (1985) 's result and show that, under the conditional independence assumption, weighting observations by p(X)/ (1 − p(X)) for the control units, where p(X) is a consistent estimator of p(X), and by unity for the treated units, leads to an efficient estimator of the ATT. The intuition is that the control households with observables very similar to the treated households are assigned higher weights, while those relatively more dissimilar are assigned lower weights. The weighs function is given by
The construction of the weights ensures that, under the conditional independence assumption, requiring t j and ε ij to be independent, the observed predictors of treatment X j are uncorrelated with t j and, hence, the weighted estimator is consistent.
Similarly to Blattman and Annan (2010) we follow Imbens (2004) suggestion of combining weighting methods and regression methods with fixed effects or added covariates. This is particularly useful to evaluate the impact of the treatment but also of other covariates and their interactions. In particular, we estimate the following equation:
where Y ij refers to the labor search behavior of individual i in household j, t j denotes the treatment, defined as the household j having received at least one microfinance loan since 2010, and α ij is a proxy for individual i's within-household bargaining power. Individual and household level controls are collected in Z ij , which also includes the individual's bargaining power α ij (see bottom of Table 5 for a complete list of the control variables).
Testing Proposition 1 and, in particular, Equation (20) boils down to testing the null hypothesis that β 2 is positive. A positive and significant β 2 would confirm the presence of heterogeneous treatment effects, increasing in the bargaining power of the unemployed. In turn, as implied by the first part of Proposition 1, we have no theoretical prediction concerning the sign of β 1 . Nonetheless, estimating precisely β 1 is important as it has implications in terms of how the current targeting of credit to poor households contributes to improving labor market outcomes.
Microfinance and Job Search: Empirical Findings
We now turn to the empirical analysis to compare the theoretical predictions of our model with the data. The first step, described in Section 5.1 is to model the probability of receiving a microfinance loan at the household level and estimate the propensity scores. Then, in Section 5.2, we use the propensity scores as weights in the individual level regressions, with weights as in Equation (23).
First Stage: Estimation of the Propensity Scores
Our focus is on borrowing by the poor (the households targeted by the MFI). Hence, we exclude the households that borrow from conventional banks when we estimate Equation (24). However, to have a complete model of access to credit it is important in the first stage to include the households borrowing from conventional banks and to distinguish them from households who borrow from the MFI. Excluding borrowing from conventional banks in the first stage would lead to a biased estimation of the propensity score due to model miss-specification.
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Therefore, we estimate a multinomial probit model allowing for three possible household statuses: receiving a loan from an MFI, receiving a loan from a bank and not receiving any loan.
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As explained in the previous Section, the identification of the causal impact of the treatment is based on the assumption that allocation of the treatment is purely random among households with the same estimated propensity score, conditional on the pre-treatment characteristics. Hence, the participation equation includes variables that control for the participation and outcomes of interest but are not affected by the treatment. The estimated model is shown in Table 4 .
The propensity score estimation enables us to predict the probability of getting access to microcredit at the household level. Figure 2 gives the kernel density of the estimated propensity scores for treated and non-treated households. As can be seen, there is substantial overlap in the distribution of the propensity scores of both treated and non-treated households. However, to better enforce the common support condition, in what follows we exclude individuals in treated households whose household's probability of treatment exceeds the maximum probability among the untreated households and individuals in the untreated households whose probability of participating is bellow the minimum probability of participation of treated households. The upshot is that we keep observations with propensity scores such that 0.038 ≤ p(x) ≤ 0.704. 
Second Stage: Labor Search Model
We now turn to the estimation of the main regression equation (24). Our survey asks households if they have ever received a microfinance loan, how many times and when. The treated group, t j = 1, are those households that received at least one microfinance loan since 2010. We exclude from the sample the households who received the last loan earlier because they may no longer have access to microfinance. 24 In turn, households who never had any loan are used to form the control group, for which t j = 0. We are left with 262 unemployed individuals distributed among 191 households.
The dependent variable, Y ij , is the job search effort by the unemployed. We use three alternative measures of labor search effort.
25 Firstly, we use a discrete variable taking value 1 if the unemployed individual has taken any initiative to find a job in the previous four weeks and 0 otherwise. We call the regression equation with this dependent variable Model 1. Secondly, we use an ordered discrete variable capturing the intensity of labor search, denoted Model 2. Finally, 24 In the model, unemployed workers may decide to search more intensively to raise the household's net-worth and lower the size of the loan needed to be able to invest. So the treated households are those that are going to borrow from an MFI. Instead, given the nature of our survey we must identify the treated households as those who have already borrowed from an MFI. We think this is justified because the typical use of the MFI loans is to finance working capital (see Table 3 ), and households have repeated interaction with the MFI institution. Thus, households who have borrowed in the past are likely to borrow again so that the net-worth channel described in the model is relevant. However, if the household did not borrow from an MFI for a long time, this assumption is no longer appropriate. This is why we exclude households that did not borrow from an MFI since before 2010.
25 See footnote 17.
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we use an ordered discrete variable corresponding to the number of initiatives taken to search for a job, denoted Model 3.
We want to test Proposition 1 and, in particular, Equation (20) predicting that the search intensity of an unemployed member of a household with an MFI loan compared to that of an unemployed in a household with no loan increases in the individual's bargaining power α ij . But bargaining power is unobservable and, hence, must be proxied by some observable variables. The literature has proposed several measures of bargaining including income, employment, asset ownership and assets brought to marriage. 26 In our context, we must also make sure that our measure of bargaining power is exogenous and, in particular, unaffected by the treatment.
27 Therefore, we select only pre-determined variables as measures of bargaining power.
We use the following variables: Household size, which we assume to be negatively correlated with bargaining power since, all else equal, the larger the household, the lower the share of resources received by each member; Gender, which, in line with numerous studies of intra-household resource allocation, should capture the disadvantages often faced by women; Schooling, which we assume to be negatively correlated with bargaining power since human capital affects not only individual consumption but also their outside option; Father's schooling, which we assume is positively correlated with the bargaining power of their offspring, for instance, in the marriage market; Role of the individual in the household, since we expect the head of the household to have a higher bargaining power.
Access to Credit and Job Search: Baseline Findings (Model 1)
We now turn to the paper's main empirical findings. Table 5 shows the results of Model 1. For all regressions reported below we account for dependence between observations by computing robust standard errors. We first estimate the model without re-weighting and without allowing for heterogeneity in the treatment effects, reported in Column 1. This amounts to estimating a standard Probit model. We compare the estimated coefficient β 1 with the one obtained using the inverse probability weighting (IPW), reported in Column 2. While the unweighted β 1 coefficient is positive (but not statistically significant), the IPW estimate is negative and statistically significant and, hence, there is evidence of a 26 Several of these proxys are discussed in, for example, Lundberg and Pollak (1996), Quisumbing and de la Brière (2000) , Friedberg and Webb (2006) and Doss (2013) .
27 Something which we do not explore in this paper is how bargaining power is determined. However, the bargaining power of each household member is likely not invariant to the set of investment opportunities available to each member. This point is made by Tassel (2004) . For this reason, in the empirical investigation we only consider pre-determined measures of bargaining power.
positive selection bias. This is what we would expect if, for example, the MFI are able to select households where the unemployed are more diligent in searching for work. The sign of the IPW coefficient implies that the average treatment effect of MFI lending on the incentives for job search by the unemployed is negative. However, given Proposition 1, we are especially interested in the heterogeneity in treatment effects, which is what we look at next.
We allow for heterogeneous treatment effects by interacting the treatment variable with our proxies for bargaining power (Columns 3 to 7). There is robust evidence of heterogeneous treatment effects consistent with Proposition 1. All interaction coefficients are significant and of the expected sign. Being a woman, as well as being a member of a larger household, which are both associated with smaller bargaining power, lower the treatment effect. Instead the effects of own schooling and father's schooling, and of being the household head, each associated with a larger bargaining power, is positive and precisely estimated. For all except one specification (in Column 3), the coefficient β 1 is estimated to be negative, indicating a negative average treatment effect of improved access to credit on search effort by the unemployed.
These findings suggest that there is scope for improving labor market outcomes by better targeting microfinance programs. In particular, improving the access to credit by households whose unemployed members are more likely to exhibit positive treatment effects on job search, which are those with stronger bargaining power, can potentially improve aggregate labor market outcomes in frictional markets. This is a hitherto unexplored channel through which microfinance may have aggregate benefits.
A potential caveat in interpreting our findings is that we only sample individuals currently unemployed. There may be individuals who were unemployed at the time of the loans but that have since found work. In expectation these are the individuals who raise their search effort by a greater amount following the treatment. The upshot is that if the treatment effect is positive, our estimate would be downward biased. Similarly, if the treatment effect is negative we would undersample individuals from the control group and our estimate would be upward biased. Thus, the magnitude of our estimated ATT may suffer from an attenuation bias and as such should be interpreted as a lower bound on the magnitude of the ATT.
28
28 We check the sensitivity of our results to deviations from the conditional independence assumption (CIA) by simulating a potential confounder in order to assess the robustness of the estimated treatment effects following the methodology proposed by Ichino et al. (2008) . The estimated ATT with various specifications for the confounding factors change by less than 5% from the baseline findings. 
A Composite Measure of Intra-household Bargaining Power
Each of our proxies for bargaining power captures a different underlying feature of the intra-household distribution of resources and is, therefore, a partial measure. In order to construct a more comprehensive measure of bargaining power, we use a Principal Component Analysis (PCA) that aggregates the information scattered in the different variables we used (Pearson, 1901; Hotelling, 1933) . 29 Since, for the PCA method to be valid, the included variables should have a multivariate normal distribution (or at least be continuous), and since we want to include a combination of dichotomous and continuous variables (gender, own and father's schooling, age, and household size), we perform a polychoric correlation analysis (Kolenikov and Angeles, 2004) . Table 5 and confirm the theoretical predictions: the treatment effect on job search intensity is increasing with the intra-household bargaining power of the unemployed worker.
Alternative Measures of Search Effort (Model 2 and 3)
Next, we replicate the empirical analysis with our alternative measures of job search effort: the labor search intensity (Model 2) and the number of labor search initiatives (Model 3).
The estimation results from Model 2 are shown in Table 6 . In this case, the dependent variable is an ordered discrete indicator of the intensity of job search, hence we run an ordered Probit model. In turn, the specification of the regression equation and the computation of the regression weights are as in the baseline model. Looking at the weighted regression estimates of the coefficient β 2 for each measure of bargaining power, the estimated coefficient have the same sign and are precisely estimated.
Finally, in Model 3, we use as a dependent variable the discrete indicator of the number of job-search initiatives undertaken by the unemployed. The results are shown in Table 7 . The precision of the estimates for this specification is lower. Nonetheless, the evidence of heterogeneous treatment effects remains consistent with Proposition 1, in particular for the schooling of the father, the dummy indicating that the individual is the head of the household and the composite measure of bargaining power. We conclude that the evidence of heterogeneous treatment effects consistent with the theoretical prediction are robust to changes in the measure of search effort.
Discussion of the Results: Marginal Effects
To gain a better sense of the magnitude of the heterogeneous treatment effects estimated under the baseline specification (Model 1), we compute the marginal effect of each interaction term. These are shown in Figure 3 , together with their confidence intervals.
Each panel shows the treatment effect on job search as the bargaining power, measured by each proxy, changes. The upper left panel reports the marginal effect on job search as the individual's household size increases. The maintained assumption is that, all else equal, an unemployed individual in a large household receives a low share of resources and, hence, has a lower decision weight α ij . Thus, the figure demonstrates that the treatment effect varies with household size in a way which is consistent with the theoretical prediction. Receiving an MFI loan lowers the probability of unemployed workers searching for jobs if the household size is greater than 3. The estimated negative marginal effect is statistically significant for unemployed individuals living in household of 8 members or more. Selected percentiles for the sample of treated households (those receiving a microfinance loan).
The number of unemployed individuals in treated households is 45, roughly 17% of the sample. Table 8 shows the distribution of each bargaining power proxy among the treated households. This information allows measuring the fraction of households that borrow from an MFI and with unemployed members for which the treatment is predicted to raise job search. For instance, only around 5% of the households with an MFI loan have fewer than 4 members. Thus, in most treated households, everything else equal, the bargaining power of the unemployed individuals is judged low because of the large household size. The upshot is that for those individuals, the treatment effect on job search effort is negative. The implications of this result for the optimal design of microfinance programs are interesting. The size of the household and, in particular, the number of children may be positively correlated with poverty. Hence, targeting large families may be desirable for the MFI with social objectives. 30 However, our results suggest that by targeting loans to smaller households, the contribution of microfinance to improving aggregate labor market outcomes would be raised. This is because the relative bargaining power of each individual is higher in smaller sized families.
The same analysis can be conducted for each measure of bargaining power. For example, considering gender, the second panel of Figure 3 shows that if the unemployed worker is a woman, receiving an MFI loan lowers the probability of job search by 20 percentage points. If, instead, the man is unemployed, the effect of receiving a loan on the job search is negligible. This is, once again, exactly what is predicted by Proposition 1 if we assume that woman have on average a lower intra-household bargaining power. But, Table 8 shows that more than 50% of the treated households have unemployed workers who are women. For those households, receiving a loan lowers the job search by the unemployed members in the household. Once again, there is scope to improve targeting to support better aggregate labor market outcomes: targeting lending to households in which women are (self-) employed and men are unemployed. This would support the entrepreneurial activity of the household and at the same time raise the incentive for job search by the husband.
The heterogeneity in treatment effects is striking when we compare unemployed workers who are the head of the household to those who are not. If the household head is unemployed, receiving an MFI loan is associated with a 20 percentage points increase in the probability of job search. If, instead, the unemployed is not the head of household, the treatment lowers the probability of job search by 20 percentage points.
31 Looking at Table 8 , the targeting seems, once again, suboptimal. Only about 5% of unemployed individuals in treated households are the head of household.
Looking at the individual's schooling and father's schooling measures, the findings are as predicted by Proposition1 and the conclusions concerning targeting are very similar.
In the Appendix B we perform several robustness checks, including estimating a linear probability model, clustering the standard errors at the neighborhood level, changing the specification of the first stage model, excluding the households that have defaulted on their MFI loan. Finally, we perform a placebo test, where the treatment is defined as having knowledge of microfinance.
Conclusion
We propose a simple collective household choice model in which individual job search in frictional labor markets depends on intra-household bargaining and on access to finance. We show that the impact of access to finance on job search intensity is ambiguous and depends on the interaction between the net-worth and income effects. Moreover, the search intensity of the unemployed workers in households with access to finance relative to those without access is increasing in the individual's bargaining power within the household.
Using several measures of individual intra-household bargaining power, we test the predictions of our model using data collected by the authors in Cape Verde. The data was collected to evaluate the impact of microfinance programs and, therefore, the population of interest are poor households. Our assumptions are general, but we believe that our findings are mostly relevant for poor households, characterized by lack of capital and whose livelihood, in the absence of public welfare schemes, is strongly influenced and supported by family ties. This is the typical target of microfinance programs.
Linking access to finance to collective household decision making is important when evaluating the impact of development programs since family links affect the livelihood and the decision making process of the poor very strongly (Platteau, 1991 , Fafchamps and Susan, 2003 , Collins et al., 2009 . Besides contributing to the literature on collective decision making, our results also provide some new and important policy implications for the design of microfinance programs. Microfinance was primarily designed to promote self-employment in those areas of the world where the poor have little or no opportunity to find a job. Our results highlight the importance of rethinking the targeting of microfinance, since relaxing credit constraints to poor households may have complementarities with improved labor market outcomes but may also discourage the supply of wage labor. Which effect prevails, depends on the targeting of loans.
We show that the behavior of unemployed household members is affected by the access to credit in a non-trivial way, potentially undermining the positive effects of microfinance. When poorly targeted, access to finance can lower the incentives to search for work, making the overall impact on welfare ambiguous. Our findings suggest that, to improve the impact of microfinance on labor market outcomes, the screening should not be solely based on the characteristics of the entrepreneurial activity and individual borrower, but also on characteristics of the household she/he belongs to and, in particular, the within-household distribution of decision power. We explore simple indicators of bargaining power that are easy to measure and scrutinize. If they are used to improve targeting, they can improve the impact of access to finance, generating positive externalities in terms of labor market outcomes. A corollary is that to assess the impact of microfinance programs, it is important to focus not only on the direct impact on borrowers, but also on the indirect effects on other family members.
A Taylor expansion of ∆ (C e , C n ; t)
In the main text, we use the first order Taylor expansion of ∆ (C e , C n ; t) around the point
This is given by
Using the budget constraint (10) we have that
Using (A.2), (A.3) and (A.4) to substitute in (A.1) yields
which corresponds to equation (14) in the main text.
B Appendix: Robustness Tests
In this Appendix we investigate the robustness of our findings to: alternative estimation model; alternative construction of the standard errors, changes in model specification; changes in the sample. In particular, we estimate a linear probability model, we try clustering the standard errors at the neighborhood level, we change the specification of the first stage model, and we change the sample by excluding the households that have defaulted on their MFI loan. Finally, we perform a placebo test, where the treatment is defined as having knowledge of microfinance.
B.1 Linear Probability Model
As a first robustness check, we repeated the analysis using a linear probability model (LPM), estimated by Ordinary Least Squares (OLS). If the true conditional expectation function is unknown, it is helpful to contrast the LPM to the Probit model (Wooldridge, 2010) . The estimation results are reported in Table A1 and the corresponding marginal effects in Figure A1 . Comparing marginal effects, we can see that for all measures of bargaining power considered, the significance and general trends are very similar for both models.
B.2 Clustering of Standard Errors at the Neighborhood Level
Second, in Table A2 and Figure A2 we take into account the fact that the standard errors may be correlated within neighborhoods. Clustering the standard errors at the neighborhood level does not alter the results in any significant way.
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B.3 Alternative First Stage Model
Third, since ATT estimated with propensity score methods can be sensitive to specifications of the matching model (see Smith and Todd, 2005, and Heckman et al., 1998) , we estimate the model using alternative sets of covariates in the first stage. 33 In particular, we include higher order variables (the square of household size and number of children) and remove the neighborhood fixed effects. The results of this alternative specification are displayed in Table A3 and Figure A3 and are qualitatively and quantitatively very similar to our baseline specification.
B.4 Excluding Defaulting Households
As a fourth robustness check, we exclude from the sample the few households which defaulted on their microfinance loans, which reduces our sample to 259 observations. Our motivation in doing this is to fully align the empirical analysis with the assumptions of the theoretical model. In fact, in Section 2, we assume that households know they have access to finance when deciding on the search intensity. In our baseline specification, we took this into account by restricting the sample to loans given since 2010. Now, we further refine the sample excluding 32 In our main specification (Model 1, Model 2 and Model 3), we chose not to cluster standard errors and only use neighborhood fixed effects since clustering can be misleading in the case of few clusters (Angrist and Pischke, 2008) . Moreover, the fixed effects and control variables should absorb most of the systematic within-cluster correlation (Cameron and Miller, 2015) .
33 Dehejia and Wahba (2002) advocate this type of checks in the absence of an experimental benchmark estimate.
the 'bad' clients. Since MFI usually have repeated interactions with their clients, it is likely that recent clients and clients that did not default have much easier access to microfinance.
34 Reassuringly, the results are again consistent with our baseline results and our theoretical prediction (see Table A4 and Figure A4) .
B.5 Placebo Test
Finally, we perform a placebo test to evaluate whether the relationship we have estimated is induced by some other mechanism underlying the characteristics of our covariates and not by the mechanisms we have outlined. In particular, we replace the dummy treatment variable MFI capturing the fact that households had access to microfinance, by the dummy variable Heard about microfinance, capturing whether households know what microfinance is. We expected this placebo treatment not to have predictive power on the dependent variable, the probability of Job Search. Table A5 and Figure A5 show that, as expected, the placebo treatment, interacted with measures of bargaining power, has no significant impact on the job search of the unemployed. Robust standard errors in parentheses, *p<0.10, ** p<0.05, *** p<0.01. Additional household level controls: House ownership (dummy), Number of household members<15, Contacts with family abroad (dummy) and Number of times per week reads journal (dummy). Additional individual level controls: Age, Age2, Origin, Parent Self-Employed (dummy), Number of children, Ownership of Bank Account (dummy) and an indicator for whether the member received the loan (dummy). Robust standard errors in parentheses, *p<0.10, ** p<0.05, *** p<0.01. Additional household level controls: House ownership (dummy), Number of household members<15, Contacts with family abroad (dummy) and Number of times per week reads journal (dummy). Additional individual level controls: Age, Age2, Origin, Parent Self-Employed (dummy), Number of children, Ownership of Bank Account (dummy) and an indicator for whether the member received the loan (dummy). 
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